Abstract. The potential of ultrasonic image speckle tracking to characterize tissue dynamics has been illustrated and validated elsewhere. In this paper we wish to extend this speckle tracking methodology to 3D. To investigate the feasibility of such an approach we first model the image formation process and simulate the 3D speckle motion inherent to tissue linear transformations (translation, rotation and deformation). It is shown that tissue axial rotation and translation are perfectly correlated with the tissue speckle motion while tissue deformation and non-axial rotations corrupt the speckle pattern with a motion-induced noise and are therefore more difficult to track when large motions are concerned. Furthermore, in the framework of our model, our results indicate that short ultrasound pulses with low frequencies and small beamwidths are more desirable for a speckle tracking methodology. The feasibility of speckle tracking is illustrated with an optical flow algorithm. A theoretical study of the correlation between various linear transformations of the tissue and the corresponding ultrasonic speckle motions is also performed.
Introduction
In order to extend previous works limited to the analysis of 'static' ultrasonic image texture, we developed a computer model of the B-scan imaging process associated with tissue motion (Meunier and Bertrand 1995a) . Using the model, we reported speckle tracking feasibility (and limitations) for assessment of tissue 2D motion. This work allowed us to establish a clear relationship between small tissue motion and the corresponding speckle pattern motion and demonstrated the potential of speckle pattern tracking as a tool for the study of tissue dynamics. Our group and others also investigated speckle tracking with phantom, skeletal muscle, myocardium and blood flow (Bohs and Trahey 1987 , Bohs et al 1995a . Unfortunately all these methods try to infer the tissue motion from a limited 2D view (section) while this motion actually occurs in 3D. Although 3D imaging devices in echography are only in their infancy (Bashford and Von Ramm 1996, Bohs et al 1995b) , one can easily imagine that instead of sweeping a 2D section of a tissue a transducer could be modified to sweep a 3D region of interest in real time. Our goal in this paper is to establish the potential of such 3D ultrasonic transducers to infer 3D tissue motion from speckle tracking. Based on simulations and a theoretical analysis, the fundamental limitations of speckle tracking to assess soft tissue motion are presented, in particular for tissue subjected to 3D linear (affine) transformations (translation, rotation and deformation).
Model of the echographic texture
A few models to simulate speckle patterns encountered in typical echographic images have been proposed in the literature. Basically, if one assumes linearity and a positionindependent point spread function (PSF) in the far field, the 3D r.f. echographic signal I (x, y, z) of a linear scanner can be described by a 3D convolution product (⊗) between the system PSF H (x, y, z) and the impulse response of the tissue T (x, y, z) (Bamber and Dickinson 1980 , Meunier and Bertrand 1995a , b, Seggie et al 1983 :
I (x, y, z) = H (x, y, z) ⊗ T (x, y, z) (1)
I (x, y, z) = T (µ, ν, ω) H (x − µ, y − ν, z − ω) dµ dν dω (2) where x is the axial direction in which the beam propagates, while y and z are lateral directions. In this model, attenuation is neglected because we are considering a very small volume of interest (VOI). For larger VOI, attenuation could be ignored if the time-gain control (TGC) is assumed to be perfectly adjusted. Electronic noise is also neglected. This last pair of equations forms the basis of our model along with an envelope detection procedure that produces the resulting 3D B-scan image I B (x, y, z) . In order to get the envelope I B (x, y, z) , the complex pre-envelope of I (x, y, z) is computed. This is easily done by using the Hilbert transform to get the imaginary part of the pre-envelope and the original r.f. image as the real part. The envelope is then simply computed as the magnitude of the pre-envelope (Roden 1991 )
We chose a cosine modulated by a 3D Gaussian envelope to model an approximation of a far-field PSF:
The tissue is assumed to be a collection of inhomogeneities (cells or others) that behave as scatterers. There are several models (Bamber and Dickinson 1980 , Insana and Brown 1993 , Meunier and Bertrand 1995a , b, Seggie et al 1983 for defining the tissue T (x, y, z) term; to simplify the tissue model, we assume a large number of randomly distributed very small inhomogeneities with respect to the wavelength of the PSF (this means a uniform distribution of the phases and circular Gaussian statistics of the complex pre-envelope; this produces a Rayleigh distribution for the image I B (x, y, z) ):
where δ (x, y, z) is the 3D Dirac function or impulse function, (x n , y n , z n ) the randomly distributed centers of each inhomogeneity and a n the echogenicity of each scatterer. If we assume that H (x, y, z) is narrowband, then from equation (1), T (x, y, z) is bandlimited by H (x, y, z) to produce I (x, y, z) . Therefore, instead of T (x, y, z) , one could use T (x, y, z) ⊗ rect( x, y, z) in equation (1) if the narrow gate function rect( ) can be considered uniform within the bandwidth of I (x, y, z) . Thus for a sufficiently small voxel size ( x, y, z) , we can write the discrete T (x, y, z) at location (x 0 , y 0 , z 0 ) as The total number of scatterers 'm' in the voxel volume can be modelled as a random variable with a Poisson distribution. Therefore, T (x, y, z) will have a continuous Poisson distribution by the fact that scatterers may have non-uniform echogenicity a n . In our simulations, the voxel size is assumed to be large enough to count several scatterers per voxel, allowing T (x, y, z) to be modelled as a normal process †. Thus, to obtain T (x, y, z), one simply needs to generate a 3D normally distributed random field (volume). Examples of simulated B-scan volumes are presented in figures 1, 2, 3 and 4(a), (b). The image size is 64 × 64 × 64 voxels corresponding to 5.12 × 5.12 × 5.12 mm. The instrumentation parameters are given in table 1. For more details on this part of the simulation in 2D, the reader is referred to Meunier and Bertrand (1995a) . † Of course, one can simulate tissues with a small number of scatterers per voxel with a Poisson process instead of a Gaussian process. 
Modelling tissue dynamics
We start with a 3D linear (affine) motion described by the following tissue position transformation:
This transformation defines the motion of a tissue initial position (x 0 , y 0 , z 0 ) to its final position (x 1 , y 1 , z 1 ) where T represents a 3D tissue translation vector and M the 3D deformation and rotation of the tissue. A constraint is added to the model to take into account the incompressibility of soft tissue in general (Baskin and Paolini 1966) . This constraint for the 3D linear deformation studied here is simply det(M) = 1. To insert this transformation into the model of the previous section, we can apply this transformation to the 3D tissue component T (x, y, z) by means of a change of variables (x , y , z ) to obtain the resulting transformed tissue T (x , y , z ) with
Tracking speckle pattern motion under linear transformation
In this section we describe a method to compute tissue motion from an image sequence using optical flow (Barber 1992 , Horn and Schunck 1981 , Meunier and Bertrand 1995a ); this will be used to illustrate the speckle approach in the next section. However, notice that other approaches are also possible to compute the speckle motion (Bohs and Trahey 1987 , Bohs et al 1995a . A sequence of two or more images can be mathematically described as a function I (x, y, z, t) where I is the image intensity at time t (frame number 't') for the voxel position (x, y, z) . Using the chain rule for derivatives, one obtains the basic constraint of optical flow dI dt
The partial derivatives can be estimated directly from the image sequence (Barber 1992 , Horn and Schunck 1981 , Meunier and Bertrand 1995a . The four remaining variables dx/ dt, dy/ dt, dz/ dt and dI/ dt represent respectively the velocity (motion) along the x-, y-and z-axes and the object brightness changes. This equation lays down a first constraint to determine the motion at a time point in an image sequence. For a sufficiently small volume of interest (VOI) in an homogeneous tissue, and small time interval, the interframe motion 
Actually, this linearity condition provides another constraint. A last constraint is used to model the behaviour of the brightness changes dI/ dt. The B-scan brightness changes during tissue deformation is quite a complex process (Meunier and Bertrand 1995b) . For instance, cyclic mean gray level changes inside the myocardium reported in the literature are within a 20% range from end-diastole to end-systole (e.g. Pincu et al 1986) . However, these experimental data show that between two frames (1/30 s interval) the mean gray level variation is negligible, therefore, for the small (interframe) deformation considered in this paper the hypothesis of constant average brightness (dI/ dt = 0) is acceptable and supported by our simulations. Given this and using (10), equation (9) 
All terms of this equation are estimated from the image sequence except for the unknown linear field parameters (a, A, B, C, b, D, E, F, c, G, H, J ) . The overdetermined system obtained by writing down this equation for each voxel of the VOI can be solved using a least square fit. In this way, one obtains the linear field motion inside the VOI considered. The discrete approximation of equation (10) can now be used to compute the linear tissue transformation M in equation (7). Using (x 1 − x 0 ), (y 1 − y 0 ) and (z 1 − z 0 ) for U , V and W (equation (10)). We then get (for small motion)
This approach can be repeated if necessary (for large motion in particular) by following a scheme such as the one proposed by Barber (1992) .
Simulation results
To simplify as much as possible the 3D tissue motion analysis and simulation, we limit our study to translation and the basic 3D rotations and deformation along the main axes.
Translation simulation
Translation is certainly the simplest tissue motion. In the particular case of a linear 3D scanner (simulated here), one can easily show that an identical translation of the speckle pattern will occur. In fact, from (8) 
Note that this translation behaviour is at the basis of the speckle tracking algorithm developed by Trahey and co-workers (Bohs and Trahey 1987 , Bohs et al 1995a .
The point of interest here is that a 3D translation of the tissue infers an identical translation of the resulting 3D speckle pattern. Figure 1 shows two 3D speckle patterns before and after a tissue translation of (0.25 mm, −0.25 mm, 0.25 mm) and the corresponding optical-flow-computed speckle motion field. As expected, the speckle motion field is essentially identical to the tissue translation with a very small error of 0.02%. The optical flow error ε is computed as
where (U, V , W ) and (Ũ,Ṽ ,W ) respectively the known and computed velocities at each voxel position (x, y, z) . This error is 100% when the computed velocity is zero or twice the known field. We also investigated the correlation (ρ) between speckle motion and tissue translation. It was computed from 1000 random points in the B-mode VOI produced with a tissue translation and corresponding points in the reference B-mode VOI moved with an identical translation. As expected from equation (13) the correlation remains perfect (ρ ≈ 1.0) even with larger translations. Therefore we can conclude as others (Bohs and Trahey 1987 , Bohs et al 1995a that tissue translation is trackable from its speckle pattern motion with an appropriate algorithm (optical flow or others).
Rotation simulation
Figures 2 and 3 show simulated echographic textures before and after a 2
• tissue rotation around the axial x-axis and the lateral z-axis respectively. In part (c), the linear transformation that best fits the optical flow (velocity field) computed from the two 3D textures is presented. As one can observe, there is a clear rotation component (figures 2(c) and 3(c): optical flow error = 0.13% and 1.77% respectively). The tissue-speckle motion correlation is also excellent: ρ ≈ 1.0 for axial rotation and ρ ≈ 0.92 for lateral rotation. However, interestingly, the correlation decreases with larger rotation for the lateral (y or z) axis rotation (e.g. ρ ≈ 0.18 for 10
• lateral rotation!) but not for the axial x-axis rotation. In fact, for lateral rotation, the speckle patterns is 'corrupted' by motion-induced noise (Meunier and Bertrand 1995a) , reducing the correlation between tissue and speckle motion and making the 3D texture difficult to recognize from one frame to the next. In practice, this means that a sufficiently high temporal sampling of the VOI (small interframe time interval) must be considered to insure a good correlation between the tissue and speckle motion for y-and z-axis rotations while even large x-axis rotations remain trackable. Figure 4 illustrates the results for an axial contraction of 5% with the corresponding lateral expansions (det(M) must equal 1.0 to simulate the incompressibility of soft tissue). In part (c), the computed optical flow shows an error of 0.38%. For the 5% simulation, an excellent tissue-speckle motion correlation is obtained (ρ ≈ 0.96); unfortunately, like lateral axis rotation, for a larger interframe tissue deformation, tissue tracking would be more difficult because the correlation is lower (e.g. ρ ≈ 0.48 for a 25% deformation) due to motion-induced noise. This means again that a sufficiently high temporal sampling of the VOI is necessary depending on the tissue rate of deformation.
Deformation simulation

Limitation of speckle tracking: a theoretical study
To explain the simulation results, a theoretical study of the correlation between the tissue 3D linear motion and the corresponding ultrasonic speckle motion can be performed based on our previous work in 2D (Meunier and Bertrand 1995a) . This measure can be defined as the correlation between volumes I B (x , y , z ) and I LT B (x, y, z) , respectively the linear transformation (translation, rotation and/or deformation: equation (8) 
where the variance and covariance are computed in the speckle field. Obviously, if both images are identical, the correlation is 1.0 and this means that an algorithm (such as optical flow) should be able to infer exactly the tissue motion from its speckle motion. Because the r.f. volumes generated with the model are narrow-band Gaussian noise (they are produced with a 3D narrow-band PSF and a 'Gaussian noise' tissue), one can relate the correlation ρ B to the easier-to-compute r.f. correlation ρ r.f. with a series expansion of a hypergeometric function (Meunier and Bertrand 1995a , Middleton 1960 , Papoulis 1991 , Price 1955 :
where ρ B can now be simply calculated from r.f. images instead of B-mode images in equation (15). Therefore we will develop the ρ r.f. term instead of ρ B to simplify the calculation without loss of generality knowing the relationship between both from equation (16):
Since the mean value (d.c. value) of r.f. images is zero, one obtains ρ LT r.f. =
I (x , y , z ), I
LT (x, y, z) dx dy dz
Using the Parseval identity, one can easily transform this equation in the frequency domain:
with * , the complex conjugate, and (u , v , w ) the linear transformation in the frequency domain produced by the spatial domain linear transformation M −1 (equation (8)) and φ the phase component added by the translation component in the spatial domain −M −1 T (equation (8)). Notice that this phase component disappears with conjugate products and therefore as stated by equation (13) 
|T (u , v , w )| 2 is a white Gaussian noise power spectrum equal to the tissue T (x, y, z) variance and related to the constant scatterer density (incompressibility), thus one obtains
Using the Parseval identity again to return to the spatial domain:
where (x , y , z ) is the spatial domain linear change of variables M −1 (equation (8) without the translation component −M −1 T ). Therefore, to compute the correlation between the tissue motion and the speckle motion, one has simply to compute the correlation coefficient of the corresponding PSF, that is H (x, y, z) and its linear transformation H (x , y , z ) and use equation (16) to get the B-mode correlation. This explains why, as interframe deformation or non-axial rotation increases, speckle tracking becomes more and more difficult since H (x , y , z ) becomes more and more different from H (x, y, z) . An interesting exception is rotation around the beam axis (x-axis) due to the axial symmetry of the PSF (equation (4)). Furthermore, with a little bit more thought it should be apparent that a lower frequency and a smaller PSF (short pulse and small beamwidth) will improve the speckle tracking feasibility (increase the correlation) (see figure 5(b) , (c) below).
Using equations (22) and (16), B-mode correlation ρ B curves were computed in figure 5 for lateral rotation and deformation; ρ B stays equal to 1.0 for translation and axial rotation. Figure 5 (a) shows the result with the PSF described in table 1. These curves show the limitation of speckle tracking for inferring tissue motion when large interframe deformation and non-axial rotation are concerned. Remember that a weak correlation means that speckle tracking of the tissue motion is more difficult. Figure 5(b) shows the same curves for a Figure 5 .
B-mode correlation ρ B curves (from equations (22) and (16)) for lateral rotation and deformation (ρ B remains equal to 1.0 for translation and axial rotation): (a) with the PSF described in table 1, (b) with a lower 1.5 MHz frequency, (c) with a larger 1.0 mm×1.5 mm FWHM PSF. A lower frequency and a smaller PSF (or shorter ultrasonic pulse and smaller beamwidth) are more desirable for a speckle tracking methodology. lower 1.5 MHz transducer with the other parameters kept constant. The higher correlation indicates, as stated above, that within the framework of our model, a pulse with a lower frequency is more desirable for a speckle tracking methodology to improve (increase) tissuespeckle motion correlation for lateral rotation and deformation. Finally with respect to beam (pulse) size, figure 5(c) reveals that a small PSF is more efficient for speckle tracking. The curves were generated with a larger PSF with axial and lateral FWHM of 1.0 mm and 1.5 mm respectively that produces lower correlations.
Discussion and conclusion
This study extends our previous work (Meunier and Bertrand 1995a) on speckle tracking to 3D and we believe that it sets the ground for the development of a particularly useful tool for the assessment of biomechanical soft tissue 3D properties. From simulations and a theoretical analysis, the fundamental limitations of speckle tracking to assess soft tissue motion have been presented. In particular, we have investigated a model to study correlation between speckle pattern motion and tissue subjected to a 3D linear transformation (translation, rotation and deformation).
Typically, for the 3 MHz transducer described in table 1, the VOI acquisition rate should be high enough to limit lateral (e.g. y and z) axis tissue rotations to about 4
• and deformation to about 10% to permit reliable speckle tracking (ρ > 0.8). However, no such acquisition constraints are necessary for 3D translation and axial rotation. Notice that the correlation used in this paper is not exactly the correlation coefficient used in papers where speckle tracking is based on the maximization of the correlation coefficient between a region (generally rectangular) in the initial image and a grid of surrounding regions in the following image (e.g. Trahey et al 1986) because we take into account the rotation and deformation of the tissue, not only translation of a region. Furthermore, other groups use the r.f. signal instead of the B-mode one (e.g. Bilgen and Insana 1996) . Equation (16) shows clearly that a higher r.f. correlation is needed for motion assessment. For instance, a correlation of 0.79 corresponds to an r.f. correlation of 0.9. Finally, those figures do not take into account the electronic noise.
In the framework of our model, our results indicate that short ultrasound pulses with low frequencies and small beamwidth are more desirable for a speckle tracking methodology. Unfortunately comparison with real data is difficult because 3D ultrasonic transducers with sufficient resolution for speckle tracking are still under development (Bashford and Von Ramm 1996, Bohs et al 1995b) . However, it is possible to compare our results for lateral (image plane) rotation to the one presented in Trahey et al (1986) . Indeed, Trahey et al investigated correlation with translation using a 2D sector-scan system and compared different transducer lateral dimensions; in our paper we investigate a PSF for a 3D linearscan system which is invariant with respect to translation. In order to compare our result with the 2D sector-scan situation for a lateral translation t z , we need to translate the VOI laterally along the z-axis and then rotate it around the y-axis (Meunier and Bertrand 1995a) . Then, an xz slice of the B-mode VOI will correspond to a 2D sector-scan B-mode image. For small translation, the rotation angle is sin
, where d is the transducer to VOI distance. We have shown that correlation decreases with lateral rotation (y-or z-axis rotation); this corresponds to the observation by Trahey et al of a decrease with translation when a sector scan is used (rotation angle is ≈t z /d above). Another conclusion in Trahey et al (1996) is that decorrelation increases with smaller transducer dimensions. Since in the far-field, or for that matter even in focus, the beamwidth is proportional to 1/f D, where D is the transducer lateral dimension, this means that decorrelation is less for smaller beamwidth; this is also in agreement with our work. In another paper, Trahey et al (1987) noticed that 'speckle motion is even more stable for axial translations' for a sector-scan system; this corresponds to our linear-scan system translation simulations where it is shown that there is no decorrelation.
In physical terms, we can explain our results as follows: the absolute value of the complex sum of the echoes from each scatterer gives the image brightness at that point (Trahey et al 1986) , i.e. the speckle pattern. As the tissue is deformed, the relative phases of each scatterer echo vary and a new complex sum is formed and produces a new speckle pattern. Since the change in the phase difference of echoes for two scatterers is proportional to the scatterer separation, an imaging system with a large PSF (wide beam and long pulse) will experience large phase differences and therefore large differences between speckle pattern before and after linear transformation of the tissue. Similarly, the phase difference of echoes for two scatterers is also proportional to the transducer frequency, therefore highfrequency transducers will also experience larger differences between speckle pattern before and after linear transformation of the tissue.
Indeed, these theoretical results were successfully applied to the determination of myocardial and skeletal muscle dynamics and blood flow in 2D, and preliminary results in 3D are encouraging (Bashford and Von Ramm 1996 , Bohs and Trahey 1987 , Bohs et al 1995a . Other groups (Akiyama et al 1989 , Brands et al 1995 , De Jong et al 1990 , Foster et al 1990 , Thomas and Elvins 1995 , Varghese and Ophir 1996 are working in related fields, and the approach is certainly promising. In particular, a thorough error analysis in acoustical elastography based on r.f. signal cross-correlation is reported in Bilgen and Insana (1996, 1997a, b) . The main conclusion is that in order to reduce the error, small strains, low centre frequency and/or broadband pulses should be used. This is indeed our conclusion for better 3D speckle tracking assessment. Finally another recent paper (Fan et al 1997) in elastography shows that deformation can be assessed ('reconstructed') for strains of 10% and even more in agreement with the proposed guidelines above.
Tissue functions T (x, y, z) with different density distributions using different mixtures of small and large scatterers having their own density distributions would also be an interesting area of research to simulate, for example, normal and ischaemic tissue, and to evaluate the significance of specular components in tissue motion estimation. Finally more complex 3D PSF and tissue transformations are under investigation to take into account more realistic nonlinear motions and speckle motion artifacts (Kallel et al 1994) .
